About 200 million children globally are not meeting their growth potential, and as a result will suffer the consequences in terms of future outcomes. I examine the effects of birth weight on child health and growth using information from 66 countries. I account for missing data and measurement error using instrumental variables and adopt an identification strategy based on siblings and twins. I find a consistent effect of birth weight on mortality risk, stunting, wasting, and coughing, with some evidence for fever, diarrhoea, and anaemia. Bounds analysis indicates that coefficients may be substantially underestimated due to mortality selection. Improving the pre-natal environment is likely to be important for helping children reach their full potential.
INTRODUCTION
About 200 million children in developing countries are not reaching their potential, as defined by those who are adversely affected by growth restriction (Grantham-McGregor et al., 2007) . In addition to the direct effect of child growth restriction on mortality itself (estimated at 2.2 million deaths in 2005), there are also substantial effects on morbidity; growth restriction was responsible for 21% of the overall global disease burden for children under 5 in 2008, as defined by Disability Adjusted Life Years lost (Black et al., 2008) . The standard indicator used to measure growth restriction is stunting, typically defined as being below two standard deviations in terms of the World Health Organisation (WHO, 2011) reference child's height for age. Stunting represents the child's potential in the absence of nutritional constraints, in utero growth restriction, and disease environment (Headey, 2013) . A third of all children in developing countries are affected by stunting, with prevalence highest in Africa, at 40% (Black et al., 2008) . The failure of children to reach their potential is likely to have a perpetuating effect on poverty, given that women of short stature are more likely to give birth to smaller babies (Victora et al., 2008) . Unlike the relative success in tackling infant mortality (Rajaratnam et al., 2010; Hill, You, Inoue, Oestergaard, & the Technical Advisory Group of the United Nations Inter-agency Group for Child Mortality, 2012), countries with a high prevalence of stunting have made less progress in addressing this issue (Bryce, Coitinho, Darnton-Hill, Pelletier, & Pinstrup-Andersen, 2008) , and economic growth does not appear to greatly improve the situation for affected children (Vollmer et al., 2014) . A closely related problem is anaemia, which refers to a reduced number of red blood cells or haemoglobin. Anaemia is often caused by iron deficiency and is associated with cognitive development and productivity. Globally, 50% of all children and 30% of all nonpregnant women are affected by this condition (Balarajan, Ramakrishnan, Özaltin, Shankar, & Subramanian, 2011) ; moreover, iron deficiency is increasing in some regions (Caulfield, Richard, Rivera, Musgrove, & Black, 2006) . The consequence of these conditions is that hundreds of millions of children are unable to take advantage of opportunities such as expansion in education, due to poor health (Walker et al., 2007) .
As well as direct effects on health, labour supply is also likely to be affected by growth restriction (López-Casasnovas, Rivera, & Currais, 2005) . Specifically regarding the effects of stunting, there is credible evidence of large and significant effects on education (Glewwe & Miguel, 2007) . Glewwe, Jacoby, and King (2001) find that growth restriction affects education via both productivity and delayed enrollment by analysing a nutrition intervention programme in the Philippines, as do Alderman et al. (2001) . The provision of nutritional supplements to families in Guatemala had a positive effect on grades completed for women who were affected as children and on test scores for both men and women (Maluccio et al., 2009) . A more long term follow-up of participants indicated that the intervention increased productivity in adults, which amounted to a 46% increase in average adult wages (Hoddinott, Maluccio, Behrman, Flores, & Martorell, 2008) . For recent summaries of the literature, see Dewey and Begum (2011) and Victora et al. (2008) .
There is a body of research in economics on the causal impact of early life environment in higher income countries, including the effects of birth weight (Currie, 2011) . Therefore, we might expect these factors to be an important determinant of outcomes such as stunting and anaemia. For developing countries, recent studies have shown a strong correlation between measures of in utero environment and child health (Christian et al., 2013; Katz et al., 2013) . However, we know comparatively little about the causal impact of these inputs in this context. Relatively worse early life conditions (compared with those previously studied in the literature) may imply even stronger long-run effects in lower and middle income countries (Currie & Vogl, 2013) , where 27% (32 million) of total live births in 2010 were small for gestational age . 1 Globally, babies of low birth weight (<2,500 g) account for 60-80% of neonatal mortality despite constituting only around a sixth of total births (Lawn, Cousens, Zupan, & the Lancet Neonatal Survival Steering Team, 2005) .
There is also relatively little data on the optimal timing of intervention (Doyle, Harmon, Heckman, & Tremblay, 2009 ). For example, it is important to know whether pregnant women should be targeted with nutritional supplements relatively more than targeting their children after birth. If it can be shown that there is no causal relationship between birth weight and child outcomes, then improving post-natal nutrition and disease environment are the relevant goals. However, if stunting can be causally attributed to birth weight, this implies that interventions that solely target child nutrition, and not maternal health and behaviour during pregnancy, will either not accomplish significant advances in helping children reach their full growth potential, or else will be an inefficient means of doing so. It may well be that there are no direct effects on certain outcomes, for example, Almond et al. (2005) find no impact of birth weight on mortality within twin pairs in the United States. Early life health shocks may operate through pathways other than birth weight (Schulz, 2010 ). The relevant question is then the magnitude of these effects relative to other pathways (particularly compared with the effects of malnutrition in childhood).
This paper adds to the literature by evaluating the effects of birth weight in a large sample of over a million children in 66 developing countries drawn from the nationally representative Demographic and Health Surveys (DHS). The few existing papers in this area tend to focus on specific countries or events. Bharadwaj, Eberhard, & Neilson (2018) focus on educational outcomes in Chile. I also consider a set of health outcomes (such as stunting and anaemia), which are particularly relevant for this context. In addition, I make a number of methodological contributions. Specifically, I use data on siblings and twins to determine whether estimation of the relationship between birth weight and child health is affected by omitted variable bias. I account for measurement error and missing data using instrumental variables, an issue that is likely to be particularly important in estimates obtained from comparisons within families, as fixed effect models are known to exacerbate attenuation bias. Finally, using an approach previously adopted in the treatment effects literature, I consider the role of selection bias introduced by the absence of data on children who have died.
Overall, birth weight has a meaningful and consistent effect on child health. The observed relationships are non-linear, with the optimal weight typically lying above the usual low birth weight cut off of 2,500 g. I find that these effects are likely to be underestimated by mortality selection, potentially substantially. Results therefore imply that a greater policy focus on improving infant health (of which birth weight is one potential marker) is warranted in less developed countries, as this is likely to raise the health capital and life chances of the affected children, in addition to potential productivity gains and intergenerational effects that arise as a consequence.
The rest of this paper is structured as follows. Section 2 reviews the existing literature that addresses the issue of causality, and motivates the focus on stunting and child health as important outcomes of interest to policy makers. Data are described in Section 3. Section 4 outlines the empirical strategy, and Section 5 describes the results. Section 6 discusses mortality selection, while Section 7 concludes.
WHAT CAN WE LEARN FROM TWIN STUDIES?
A summary of the economics literature on the impact of initial environment is outlined in Almond and Currie (2011a) and Almond and Currie (2011b) . A number of papers have used birth weight as a marker of early life conditions, and twin comparisons as a strategy to control for omitted variable bias (Almond et al., 2005; Behrman & Rosenzweig, 2004; Black, Devereux, & Salvanes, 2007; Conley, Strully, & Bennett, 2003; Figlio, Guryan, Karbownik, & Roth, 2014; Oreopoulos, Stabile, Walld, & Roos, 2008; Royer, 2009) . In general, the literature finds lasting effects of early life conditions on health, education, and earnings, although this is not always the case for twin studies. It is important to note that existing twin studies have almost exclusively relied on data from high income countries such as the United States. Therefore, the analysis in this paper provides the opportunity to compare existing findings to estimates in a context where early life environments are potentially more adverse than those typically examined in the literature thus far.
Some existing papers account for the endogeneity of early life health with birth weight differences in twin pairs. For example, Torche and Echevarria (2011) focus on the effects of birth weight on educational attainment in Chile using twin data, whereas Bharadwaj et al. (2018) examine how parental investments interact with initial endowments in the same data. Rosenzweig and Zhang (2009) address how birth weight and differential parental investment affects estimates of the effects of family size in China, and Rosenzweig and Zhang (2013) examine economic growth and gender differences, also using Chinese twins. Other papers have used natural experiments for identification. For example, Almond and Mazumder (2011) find that there are effects of being in utero during Ramadan, Linnemayr and Alderman (2011) exploit a series of early life interventions in Senegal, and Chen and Zhou (2007) show that exposure to the Chinese famine resulted in stunting for those affected. Gørgens, Meng, and Vaithianathan (2012) demonstrate that selection effects are also present for Chinese famine survivors, while Blum, Colvin and McLaughlin (2017) do the same in the historical context of the Irish famine. Early life exposure to disease (Cutler, Fung, Kremer, Singhal, & Vogl, 2010; McEniry & Palloni, 2010) and war (Blattman & Annan, 2010) have also been shown to have important effects on later outcomes. For a full review, see Currie and Vogl (2013) and McEniry (2013) . Although there are disadvantages associated with the twin approach, the benefit of the methodology used in this paper is that I am able to directly measure early life environment (with birth weight) and consider a set of health outcomes that are especially relevant for lower and middle income countries.
As outlined more formally in the following section, comparing the birth weight of twins (and to a lesser extent, siblings) provides a powerful means of accounting for unobserved factors that might otherwise bias estimates of the relationship between birth weight and later outcomes. For example, it is plausible that both are codetermined by some third factor that is difficult to measure, such as parental characteristics. However, there are potential drawbacks. Twins represent a relatively small fraction of total births (generally 1%), and although it would ideally be possible to directly measure their foetal nutritional intake, this is unlikely to be feasible in practice. Recent research supports the hypothesis that differences in nutritional intake, specifically the structural arrangement of the foetuses, are a likely source of disparities in birth weight (Royer, 2009) . There is medical evidence that is consistent with this view, at least among children who share the same placenta (Bajoria, Sooranna, Ward, DaSouza, & Hancock, 2001) . However, the validity of this approach depends on how birth weight discordances arise. For example, if within-twin discordance occurs due to differential caloric consumption, this is of interest to policymakers as this is a mechanism that is potentially susceptible to intervention, for example, via programmes to improve maternal nutrition. However, as noted by Almond et al. (2005) , if size disparities arise due to other factors such as blood supply, then the implications are less clear.
Under certain conditions, where birth weight was a function of say, chance placement in the womb, then within twin pair differences could be viewed as being as good as randomly assigned, approximating a natural experiment. Twins would then present the ideal opportunity to study the effects of birth weight. However, it is not clear whether these conditions are met. Factors that have been cited as determining the allocation of intrauterine resources include implantation location of the placenta in the womb, nutritional sources at insertion point, and differential growth potential (for dizygotic twins). For identical twins who share the same placenta (monochorionic births, which occur in roughly 75% of monozygotic twins), the location of the insertion of the umbilical cord in the placenta is also likely to affect nutritional intake. It follows that there are two possible interpretations of estimates from twin studies. One is that within twin pair estimates of the effect of birth weight represent a causal parameter that is informative for policy intervention. The alternative is that there are numerous sources of birth weight differences, each of which has a differential effect on later outcomes (Almond et al., 2005) . A conservative interpretation of the results in this paper is that birth weight represents a proxy for general in utero environment, in which case a comparison of full sample, sibling, and twin births is informative from the perspective of determining the extent to which estimates of the effects of early life conditions on later outcomes are affected by unobserved heterogeneity at both the family and child levels. Interpreting birth weight as more than a general proxy for in utero environment requires additional assumptions about the source of birth weight differences.
In addition to the possibility that different sources of variation in birth weight could have heterogeneous effects, there are a number of other concerns. First, the extent to which it is possible to generalise from multiple births to singletons is not clear. For example, twins have higher rates of mortality, lower birth weight, shorter gestation, and shorter birth intervals. Nevertheless, recent research indicates that twins do not experience greater morbidity or mortality risk than singletons, conditional on survival past their first year (Öberg et al., 2012) . There is also a loss of efficiency associated with both sibling and twin models, as siblings and twins represent a subset of the population of births, and information on singletons is ignored in family fixed effect models. This issue is exacerbated in the DHS because detailed information is only collected on births in the previous 5 years. Second, data on zygosity are rarely available. Therefore, it is difficult to rule out genetic differences as a potential explanation. For example, an individual child may be small, and yet not suffer any adverse long-term effects due to having met their actual growth potential. In addition, even among identical twins, information on chorionicity (whether the placenta is shared) is difficult to obtain, and this may influence the magnitude of the effects of birth weight. A similar issue is the absence of data on gestational age in many surveys, which could potentially confound estimates of the impact of birth weight. Some cross-sectional studies have found that prematurity independently predicts child outcomes , whereas some twin studies have found that, conditional on birth weight, there is little effect of gestational age (Oreopoulos et al., 2008; Royer, 2009 ). An attractive feature of twin studies is that they implicitly control for gestation without having to measure it directly because it is generally almost the same within twin pairs. This means that in sibling studies, the birth weight coefficient may incorporate the impact of gestational age, which we would expect to be positively correlated with birth weight and the outcome. If this is the case, we would expect sibling estimates to be biased upwards when compared with twin estimates. However, even if gestational age is adjusted for in twin studies, this does not rule out the potential for the effects of birth weight to be more severe for premature births.
Finally, there may be differential investment behaviour by parents (Almond & Mazumder, 2013; Adhvaryu & Nyshadham, 2014) . For example, the less well-off twin (in terms of lower birth weight) may be provided with more health care. Alternatively, parents could conceivably direct more effort towards the better-off twin, depending on the cost of health inputs and the return to later health (Bharadwaj et al., 2018; Rosenzweig & Zhang, 2009) . Although these outcomes lie on the causal pathway, from a policy perspective it may be desirable to isolate the direct biological effect from the indirect effect due to differential parental investment, particularly if these effects are more amenable to intervention or heterogeneous by household type.
It is important to note that most of these concerns also apply to cross-sectional or sibling estimates of the effects of birth weight. However, twin models will provide results that are more biased (and inconsistent) than cross-sectional estimates if endogenous variation accounts for a greater fraction of within twin differences in birth weight than of between family differences in birth weight (Bound & Solon, 1999) . Therefore, I return to address each of these issues in the empirical section of the paper.
DATA
The DHS are a series of cross sectional surveys that are generally nationally representative of women aged 15-49 in participating countries, of which there have been around 90 since 1984. As well as including a wide range of information on socio-demographic characteristics of families and households, detailed birth histories on all children born within the previous 5 years are generally collected. Anthropometric data (including height, weight, and, in some surveys, haemoglobin) are also taken from children who are alive at the time of interview. For a detailed description, see Corsi et al. (2012) . I include all surveys from Rounds 2 to 6, which were available at the time of analysis, and which had information on household assets and birth weight. 2 The analysis sample includes 161 country-years, 66 countries, and 1,151,556 children born between 1985 and 2011.
The main advantages of the data are the global and temporal coverage, the focus on developing countries, the sample size, the collection of anthropometric outcomes of specific policy importance, and the inclusion of siblings and twins. The disadvantages are the relatively short time frame for outcomes (up to 5 years of age) and the fact that birth weight is reported by the mother. Although previous research suggests that mother recall can be reliable (Walton et al., 2000; Tate, Dezateux, Cole, & Davidson, 2005; O'Sullivan, Pearce, & Parker, 2000) , including in developing countries (Subramanyam et al., 2010), measurement error is likely to be an important problem, particularly if it is non-random. Figure A1 demonstrates that there is evidence of heaping in the birth weight distribution. A related issue is the fact that birth weight is missing for around 50% of children. Focusing on complete cases could provide a selected sample and biased results. For example, birth weight might only be consistently measured in medical facilities, and a substantial proportion of births occur at home (46%). There is some evidence that ignoring missing data underestimates the extent of low birth weight (Moreno & Goldman, 1990) . Descriptive statistics for other variables used in the analysis are presented in Table 1 . Roughly 8% of children born in the 5 years prior to interview have died at the time of survey. There is a wide variety of data on the demographic characteristics of the mother and family, such as education, household assets, and a birth history calendar. More detailed information on recent pregnancies (within the past 5 years) is also collected, including antenatal visits, whether the mother received a tetanus shot, and the mother's fertility goals. For children, there is further data on place of birth and anthropometrics. Height (or length, if the child is less than 2 years of age) and weight are measured by interviewers using digital scales and a measuring board. In some surveys, a capillary blood sample to measure haemoglobin content is taken using a finger or heel prick. Testing is then performed using a HemoCue photometer rapid test. Children were defined as anaemic if they had measured haemoglobin content of less than 10 g/dl, adjusting for altitude. In addition to these objectively measured data, the mother is asked to report whether the child suffered from coughing, fever, or diarrhoea, the reference period for most surveys being the previous 2 weeks. Full details of the data collection procedure are available as part of the DHS manuals. 3 For the base specification, I follow the existing literature (e.g., Finlay, Özaltin, & Canning, 2011) . However, despite the rich data available, there is the nevertheless still the potential for omitted variable bias. Therefore, it is important to adopt an identification strategy to isolate the effect of interest. In addition to providing an identification strategy, another benefit of the method I outline is that when there are a large number of potential control variables, and many plausible interactions, matching siblings and twins is a powerful means of accounting for the bias that misspecification can induce. Finally, in some cases, data on certain covariates are missing, and this approach is also useful for accounting for this.
EMPIRICAL STRATEGY
Consider a simple model for estimating the effects of birth weight on risk of death, where the mortality of child i in family j is a flexible function of birth weight (e.g., a polynomial), a vector of control variables X ij , a vector of family and parental characteristics D j , with the subscript indicating that these characteristics do not vary within siblings or twin pairs, and an error term u ij . We expect factors such as maternal and paternal ability, knowledge, and pre-natal investments to be present in D j . Because the characteristics (which include, e.g., maternal age) present in X ij are considered common causes of prenatal environment and post-natal outcomes, they are confounders that must be adjusted for (Bareinboim & Pearl, 2016) . The motivation for the specific factors to include in X ij is based on the previous DHS literature on child outcomes (Finlay et al., 2011) . Similarly, characteristics such as maternal age that are not collinear with the fixed effects may affect reporting of size at birth (the instrument) and therefore must also be adjusted for in the IV analysis.
For simplicity, I assume linearity of the other terms; however, this assumption can be relaxed using matching on twins. This is the framework that is typically adopted in twin studies (Almond et al., 2005; Ashenfelter & Krueger, 1994; Behrman, Rosenzweig, & Taubman, 1994; Behrman & Rosenzweig, 2004; Black et al., 2007; Conley et al., 2003; Figlio et al., 2014; Oreopoulos et al., 2008; Royer, 2009 ).
As discussed above, there are two related issues that must be accounted for before the causal effects of in utero environment can be established. The first relates to missing data, as we only observe birth weight for a certain proportion of the sample. If measurement error is random, the addition of white noise will have the effect of biasing the estimated coefficient on birth weight towards zero (Hausman, 2001) . However, suppose instead that the presence of birth weight data also reflects some unmeasured attribute of the child or family that is related to both infant health and the outcome of interest, such as a component of neighbourhood or SES. For example, children without birth weight data may live in areas without access to health care facilities. Imputation could potentially induce additional mismeasurement, which could be systematically correlated with unobservables. The measurement error problem can be represented as the observed birth weight (either present in the data or imputed because of missingness) being some function of true birth weight (BW * i
) and some aspect of family environment (z j ). z j could potentially be a subset of D j or include additional variables.
In addition to the data that are missing, even if birth weight is observed in the data, it is possible that measurement error is systematically associated with some background characteristic of the mother. Suppose women with less education tend to underestimate the birth weight of their children, and that mother's education also impacts positively on their children's weight and height. Results obtained under the assumption of missing at random would then be biased upwards in a similar manner to if there was omitted variable bias, due to correlation between the measure of birth weight and the error term, u ij . Suppose instead that this reporting bias is a function of some indicator of parental characteristics that is not observed in the data. This model is shown in Equation 1:
Where the superscript k indexes the degree of the polynomial of interest. The estimates of the effects of birth weight on mortality ( k , the parameter(s) of interest) will be biased even when birth weight is instrumented, except when the instrument is uncorrelated with the family fixed effect. An obvious solution to this problem is to use a sibling comparison model, given that we have data on multiple children per family. However, a fixed effects model will typically exacerbate the measurement error problem unless it is highly correlated within groups (either siblings or twins). In the case of classical measurement error and a linear specification, it can be shown (e.g., Deaton, 1997; Griliches, 1979; Kohler, Behrman, & Schnittker, 2011 ) that
where BW is the within group correlation in birth weight. If the within group measurement error is correlated, as implied by the inclusion of z j in (1) above, then
= only where z = 1 (the within twin pair measurement error is perfectly correlated), and in general the fixed effects estimate of (1) will be more inconsistent than an OLS model as long as z < BW . For example, in the context of estimating the effects of education, plausible amounts of noise result in attenuation bias of 8% for OLS estimates, 16% for dizygotic twin models, and 32% for monozygotic twin models (Kohler et al., 2011) .
However, when an alternative measure of the variable of interest is available, it is still possible to obtain consistent estimates when there is correlated measurement error by instrumenting for differences in the explanatory variable of interest with differences in the secondary measure. This approach has been previously applied to the case of estimating the returns to schooling in twins where twin reports of the other's education are used as an instrument for their own (Ashenfelter & Krueger, 1994; Behrman et al., 1994) . Applying the usual fixed effects transformation to the model above (where the family means are subtracted from the individual level variables), and instrumenting for birth weight, we obtaiñ
where ∼ donates the within family transformation such thatx i = x i − 1 ∕ T ∑T t=1 x i t for all T j members of family j. The advantage of using twin data is that it accounts for unmeasured initial parental investment or other endowments, as each of z −z and D −D can more reasonably be assumed to be zero.BW i is the predicted value from the equation:
where differences in birth weight are instrumented with differences in the reported size at birth sij , s = 1, 2, 3, 4, ranging from "very small" to "large." The two measures (birth weight and size) are highly correlated, as confirmed by first stage partial F statistics and as illustrated in Figure A2 . The approach of augmenting the DHS birth weight data with auxiliary information on size has been previously recommended (Blanc & Wardlaw, 2005; Moreno & Goldman, 1990) , although not yet implemented in the framework of instrumental variables. This method does require an exclusion restriction for consistency, which is that the measurement error in birth weight and size at birth is uncorrelated (conditional on mother or twin pair fixed effects). As it seems plausible that there would be systematic reporting differences across siblings, even conditional on having the same mother (e.g., due to recall), this highlights another advantage of using data on twins, where the coefficient(s) of interest is then identified from differences in relative size within twin pairs. In summary, the estimation procedure is as follows. I first impute the missing values using predictive mean matching, which has the advantage of returning a distribution that matches the observed bounds on birth weight (Little, 1988 ). The imputation model includes all covariates to be used in the regression model for the effects of birth weight, with the addition of the outcomes of interest and size at birth. Two models are run, one for mortality, and one for the other health outcomes combined. In addition, missing values are imputed separately by country. Although this approach is likely to induce measurement error, under the exclusion, restriction the instrumental variables strategy should account for this problem. The existence of attenuation bias is indeed supported by the empirical results, however the resulting estimates for the effects of birth weight in the preferred IV fixed effects model do not appear to be sensitive to the implementation of the imputation model.
Although 2,500 g is the typical cut-off for low birth weight, previous research has found that the presence of a discontinuity at this value is not necessarily supported by the data, in that the optimal birth weight is likely to be substantially higher (Royer, 2009 ). 4 Therefore, I begin by investigating the functional form for the effects of birth weight on the childhood outcomes using a restricted cubic spline approach. This model takes the form of a function with continuous first and second derivatives, specifically a cubic function between adjacent knots KN 1 < KN 2 < ... < KN K , and a linear function for KN K < BW ij < KN 1 (Korn & Graubard, 2011) . For 3 knots and one independent variable, this can be defined as follows:M
where (BW ij ) + = BW ij if BW ij > 0, and 0 otherwise. The results of this preliminary analysis are shown in Figure 1 . 5 In all cases, non-linearity is apparent, with optimal weight lying above the standard 2,500g low birth weight threshold. This is in line with the findings in Almond et al. (2005) and Royer (2009) , who also implement a similar analysis using linear spline functions. Figure A3 illustrates the corresponding analysis for twins. Particularly for the twin sample, the addition of control variables increases the associated confidence intervals for heavier babies, but does not substantially alter the conclusions. Another pattern is apparent; increases in birth weight above 4,000g are generally associated with worsening outcomes (with the exception of stunting and anaemia). In the above, I have assumed that the measurement error structure is not associated with true underlying birth weight (e.g., if reported birth weight was systematically greater, in a way not captured by the model specification, for those with higher actual birth weight). It is difficult to assess the implications of this for the following analysis without imposing priors on both the structure of the measurement error and the potentially non-linear effect of birth weight itself (since the interaction of both will determine the extent of the bias). To the extent that splines can produce more accurate local estimates of treatment effects at parts of the distribution that are less affected by measurement error, adopting a flexible functional form may be beneficial. However, depending on the structure of the measurement error and the birth weight effect this may not necessarily be the case. Assuming the conditions required for the IV analysis hold and this approach successfully adjusts for any misreporting, a comparison between models with and without measurement error correction may indicate the extent to which non-linearities are likely to be present, although we must assume the absence of other types of unobserved confounding for this to be valid. Comparison of reported birth weight with registry data did not suggest greater measurement error at the extremes of the distribution (Tate et al., 2005) , and in regressions comparing the predictive power of reported birth weight and recorded birth weight in India for child outcomes (Subramanyam et al., 2010) , the recall and card data gave almost identical results, which supports the hypothesis that the measurement error may not be systematically affecting estimates. An alternative to the spline model is a log linear specification; however, this imposes diminishing returns (i.e., monotonicity) and precludes adverse effects at high birth weights. This affects relatively few babies, as 4,000 g lies at the 90% percentile, but nevertheless, this spline analysis indicates that the effects are roughly quadratic. In Section 6, I show that using a single indicator for low birth weight also suggests substantial effects.
Although in theory semiparametric and nonparametric IV models could be adopted to adjust for measurement error, in practice, the number of endogenous parameters ( k ) is limited to the number of suitable instruments. Given the functional form analysis in Figure 1 , I therefore adopt a more parsimonious approach specifying a second-order polynomial for birth weight. Diagnostic tests confirm that this model is identified using the four categories of size at birth as instruments, as shown by the Anderson LM (1951) tests in Table C1 . Therefore, the final model is given bỹ
FIGURE 1
Restricted cubic spline models for birth weight. Graph shows the predicted probability of each outcome by birth weight using a restricted cubic spline model with three knots. 95% confidence intervals are shown and adjusted for clustering at the household level. The sample uses all children with complete birth weight data [Colour figure can be viewed at wileyonlinelibrary.com] 
FIGURE 2 Twin differences in birth weight
I report the marginal effect of birth weight at 2,500 g for comparability with previous literature; however, improvements across the wider distribution are also likely to be of interest to policy makers based on the spline analysis.
In the following section, I begin by presenting OLS results for the effects of birth weight where I control for the variables outlined in Table 1 using the model in (5). Table A1 presents a summary of the main outcomes for each of the samples (all births, births with birth weight data, siblings, and twins). The most apparent feature of the data is that, as expected, twins are more disadvantaged on all measures. For example, mean birth weight is around 2,600 g for multiple births compared to around 3,100 g in the other samples. Mortality is 26%, compared with 8% in the full sample. Stunting is over 50%, compared with around 40% for the full sample and siblings.
I use OLS for all outcomes as this is generally the approach adopted when considering binary outcomes in the economics literature (Angrist & Pischke, 2008) . This allows direct estimation of the marginal effect and avoids computational difficulties associated with implementing logit or probit models, which in this case are problematic because the full sample comprises over a million observations with a relatively large set of covariates (before considering the imputations). The linear probability model is often adopted in analysis of twin data in the economics data, including the mortality outcomes considered in Almond et al. (2005) . In addition, the linear probability model more readily accommodates combined fixed effect and instrumental variables analysis.
I determine whether sample composition is likely to affect external validity of results by comparing estimates in different groups. I show estimates from models using complete data on birth weight for the OLS and IV models. For each of these cases, results are compared for all children, siblings and twins, with and without imputed values for missing birth weight data. Because there are trade-offs involved in using each of the different approaches (twin models can account for additional unobserved confounders over and above sibling comparisons, for instance, gestational age, however the latter are less of a selected sample and potentially more efficient because they use more of the available data), I view cases where results are similar across models as being most informative. If the effect of birth weight is found to be robust across these specifications, this would provide reasonable evidence that the effect was likely to be consistent in different populations.
An important question when estimating fixed effects models is the extent of variation in the variables of interest. Figure 2 indicates that there appears to be satisfactory variation in birth weight. The distribution is similar to that reported in Black et al. (2007) for Norway. 6 For example, their mean twin difference is 320 g, compared with a mean difference of 318 g in Note. The model shows the marginal effect of a 200-g increase on the outcome at 2,500 g estimated using a quadratic specification for birth weight. Columns 1 and 3 include controls for month of birth, year of birth fixed effects, gender, birth order, order in birth history calendar, place of birth, birth interval, multiple birth, mothers age, urban/rural location, partner's education, toilet in house, water in house, marital status, survey year fixed effects, religion, maternal tetanus injection, fertility preference, ante-natal visits by the mother, country-specific year of birth trends, country-specific wealth index quintile, and country fixed effects. Columns 2 and 4 implement the mother fixed effects model, with controls for gender, months since birth, year of birth fixed effects, multiple birth, month of birth, place of birth, birth interval, birth history, maternal tetanus, antenatal visits, and wanted birth. The second panel uses the same specification, except restricting the sample to twins. The twin fixed effect models include controls for gender and birth order. The full the DHS sample. The standard deviation for DHS twins is also comparable with the full DHS sample. Discordance probabilities for size at birth and the main outcomes of interest (mortality, stunting, fever, coughing, diarrhoea, and anaemia) are shown in Table A2 . For the former, the probability of Twin 2 being the same size as Twin 1 ranges from 64% to 79%, depending on the category. Ranges are similar for mortality, stunting, and anaemia, but discordance probabilities are lower for fever, coughing, and diarrhoea. Table 2 presents results for under-5 mortality. The outcome is a binary variable indicating whether the child is alive at the time of interview. Children in the sample are up to 59 months of age. Birth weight is entered as a quadratic, and the coefficient reported is the marginal effect at 2,500 g. Two panels are presented: the first includes the full sample of children, whereas the second is restricted to twins. The first two columns use observations with reported birth weight. For the first panel, this amounts to data on roughly 650,000 children. The third and fourth columns are based on the model where imputed birth weight (and birth weight squared) is used for missing observations. For all outcomes, I use five imputations to account for uncertainty in the prediction of missing values, and the following tables report these results; however, I have also verified that estimates are not sensitive to increasing the number of imputations. Columns 1 and 3 are the basic linear probability model. The instrumental variables fixed effects model is implemented in columns 2 and 4, where the coefficients are generated by sibling comparisons in the first panel, and twin comparisons in the second. 7 Birth weight and birth weight squared are instrumented with reported size at birth. First stage results are presented in Table C1 . Tables C2 to C5 also show the complete tables with coefficients on the other covariates.
RESULTS

Mortality
As birth weight is measured in grams in the data, resulting estimates are multiplied by 200 so that the coefficients in Table 2 indicate the effect of a 200-g increase (at 2,500 g). In the first column and panel, a 200-g increase in birth weight is found to decrease the probability of mortality by 1 percentage point. However, it is more correct to think of the coefficient in terms of a 1-g increase in birth weight, seeing as the derivative for the marginal effect, (6), is theoretically only valid for a small change in x (so, e.g., a coefficient of −0.01 in Table 2 more correctly indicates that Note. See the note to Table 2 . Clustered standard errors in parentheses. * p < 0.1. * * p < 0.05. * * * p < 0.01. a 1-g increase in birth weight reduces the probability of mortality by 1 200
= .005 percentage points). However, I present results for 200 g as Royer (2009) gives this figure as being a plausible target for government intervention, and Almond et al. (2005) indicate that 200 g is the improvement in birth weight for affected infants that could reasonably be expected from ending maternal smoking. 200 g is also close to the estimated effect of participation in the Special Supplemental Nutrition Program for Women, Infants, and Children in the United States (Kowaleski-Jones & Duncan, 2002) .
Given that overall mortality is 8% in the sample, the effect size in Table 2 appears to be substantial. There is a consistent and positive effect of birth weight on child mortality in all specifications, ranging from a 0.6 percentage point decrease in the risk of mortality per 200-g increase, to a 1.7 percentage point decrease. The preferred twin IV fixed effects model on the full sample indicates an effect size of 0.8 percentage points.
In order to evaluate the implementation of the IV model, I conduct a number of additional analyses. First, it is important to note that the first stage partial F statistics and corresponding Anderson LM (1951) tests indicate that the excluded instruments are relevant and that the model is identified. Second, given that there are four instruments (four categories of size at birth), and two endogenous regressors (birth weight and birth weight squared), it is feasible to conduct a test of overidentifying restrictions. For the preferred twin specification, we fail to reject the null that the instruments are valid. 8 However, given the alternative instruments are a different category of the same underlying variable, this is best thought of as a specification test rather than of instrument exogeneity. Third, the reduced form relationship between size at birth and mortality indicates a strong and negative association, including in the twin fixed effect models. 9 Finally, when I restrict the sample to countries with relatively lower rates of missingness for birth weight (<50%), I get very similar results. 10 Table 3 presents a similar analysis for the effects of birth weight on stunting (more than two standard deviations below the WHO reference in terms of height for age). As with mortality, the outcome is a binary variable, and I use a linear probability model. And as with mortality, the effect of birth weight is consistently negative. The cross-sectional estimates for the full sample and twins are comparable. Overall, estimates in the preferred twin IV models indicate a reduction in the probability of stunting of between 2 and 2.3 percentage points per 200-g increase in birth weight at 2,500 g, depending on whether imputations are included or not. Table A5 illustrates that effects are similar for wasting, with the corresponding results implying a 1.1 to 1.2 percentage point reduction per 200 g. 11 Tables A6-A8 present results for coughing, fever, diarrhoea, and anaemia.
Child health outcomes
Heterogeneity
Although the cubic spline approach is flexible, it is still an imposition of functional form on an unknown true birth weight effect, and therefore, it is important to consider whether the results are robust to this assumption. This is particularly the case if there are concerns about measurement error affecting a certain part of the distribution (e.g., babies of high birth weight). Table 4 presents results for the twin sample using an indicator for low birth weight, and results remain 8 Table C1.  9 Table A3.  10 Table A4 . 11 Compared with stunting, height for weight (wasting) captures more immediate nutritional deprivation (Headey, 2013 (Marginal Effect) N e o n a t a l I n f a n t I n f a n t ( E x c lu statistically significant and large in magnitude. For example, being low birth weight is associated with a 6 percentage point increase in the risk of mortality. From a policy perspective, it is difficult to assess whether this coefficient or the one presented in Table 2 is most relevant without imposing a prior on the functional form of the birth weight effect. However, in each of the analyses, the magnitude of the birth weight impact appears large enough to be meaningful in terms of its effect on later outcomes. In order to address some of the potential limitations of twin studies raised in Section 2, I also consider a series of robustness checks for gender, birth order, family wealth category, and birth weight differences in Tables B1-B2 and find little clear evidence of heterogeneous effects, although the sample size in stratified models means it is difficult to be conclusive without additional data. I have also estimated models that include an age interaction with birth weight. Infants may be more vulnerable to low birth weight, it may be possible to compensate for early disadvantage, and catch-up growth may be possible. Figure 3 implements a model for age-specific mortality. The first model is for neonatal infant mortality (within 1 month since birth), and the second is for infant mortality (within the first year). The fourth is for deaths under 5 years of age (replicating the results in Table 1 ). The third column is for infant mortality excluding neonatal deaths (i.e., deaths between 1 month and 1 year), and the fifth column is for mortality between 1 year and 5 years of age. The marginal effect is largest for the neonatal period, which accounts for roughly a third of all deaths under 5. This finding has particular relevance for the relatively lesser progress in reducing neonatal mortality (Lawn, Zupan, Begkoyian, & Knippenberg, 2006) compared with the infant death rate. These results suggest that improvements in infant health may be a means of achieving the sustainable development goal target of reducing child mortality.
For stunting, birth weight effects decline with age but remain statistically significant, even at 59 months.
MORTALITY SELECTION
For the health outcomes considered, there is a selection problem, as we only observe the status of those children who survive. Given that we expect mortality to be higher among infants with low birth weight, and for them to have been in worse health had they survived, the assumption of missing at random is clearly not appropriate in this case and could potentially bias estimates of the effect of birth weight. The main concern here is that the effect of birth weight could be underestimated because (some of) the most affected children are excluded from the data due to mortality (McGovern & Canning, 2015) . This issue has been widely studied in the treatment effects framework in labour economics, for example, when wages are not observed due to absence from the job market. Considering the case of a continuous health outcome as a function of a binary treatment allows the adoption of the methodology applied in this literature. For example, when we wish to estimate the effect of birth weight on height for age, the underlying distribution is latent because we only observe the outcome for those who survive:
Height 
where I [.] is the indicator variable. Propensity to survive (Survival * ) is another latent variable that is also determined by birth weight. It is more intuitive to think of the treatment having a positive effect on survival, high birth weight (HBW) defined as BW ≥ 2,500 g; however, the same argument applies where low birth weight is the treatment.
In this context, as in many others involving nonrandom sample selection, selection bias has the potential to substantially affect results (Bareinboim, Tian, & Pearl, 2014) . Heckman (1979) proposes a two-step correction based on the assumption of joint normality of the error terms ( and ). Intuitively, the Heckman approach is to estimate the probability of sample inclusion in a first stage and then adjust for this probability in the outcome equation. Doing so means that estimation of the properly adjusted outcome equation now no longer involves conditioning on a collider (here, mortality), which would ordinarily result in bias (Pearl, 2013) . Formally, this model is identified under the joint normality and linearity assumptions, although in practice, Heckman-type selection models require an exclusion restriction for consistency (Madden, 2008) . Unfortunately, in this application it is problematic to conceive of a variable that would predict mortality and not underlying health.
Given the absence of a suitable selection variable, an alternative is to adopt a bounding approach. Lee (2009) uses the insight that the outcome we observe (for those who survive) for those receiving the treatment of high birth weight is a weighted average of the mean among two subgroups, the mean among those (inframarginal) individuals who would have survived regardless of treatment (even if they had been low birth weight), and the mean among those (marginal) individuals who were induced to survive by not receiving the treatment (and would have died if they had been low birth weight).
E[Height for Age | High Birth Weight = 1, Survival
The weights p are defined by the proportion of marginal individuals who are only in the observed sample as a result of not being low birth weight:
Then if the mean for the inframarginals was observed, it would be possible to estimate the treatment effect of high birth weight ( ), because the mean among this group is defined by
And the observed population mean for the control group is E[Height for Age | High Birth Weight = 0, Survival
Under the assumption that the error terms in both equations ( , ) are jointly independent of the treatment of high birth weight, an estimate of can be obtained by subtracting (11) from (10), the intuition being that there is no selection effect for the inframarginal group. Although (11) is not observed, an upper bound can be obtained by considering the case where the marginal group have the lowest p values of Height for Age, where p is defined by Note. The top panel shows the proportion of children who are alive by low birth weight (< 2,500g). Those with missing birth weight data are excluded. The bottom panel shows OLS regressions for height for age Z score and height for weight Z scores in columns 1 and 3, whereas upper bound estimates using the Lee (2009) 
The first term in (13) is estimated by obtaining the mean height for age in the treatment group removing the lowest p values. It seems reasonable to focus on the upper bound here, given that it is difficult to imagine how being low birth weight could improve health. Similarly though, a lower bound could be obtained by examining the case where those in the marginal group comprise the highest p values of height for age. Lee (2009) shows that this approach of estimating the treatment bounds is √ n consistent and asymptotically normal. Moreover, this results holds under more general selection models, provided independence of the treatment (from selection and potential outcomes), and monotonicity of the selection effect given treatment. Random assignment would guarantee the first assumption; however, this clearly does not apply to birth weight. Results should be interpreted with this limitation in mind; however, the birth weight estimate is consistently large in magnitude in the twin models. Table 5 presents upper bounds for the effects of height for age and height for weight using this procedure and the sample with complete birth weight data. It is possible to extend the model presented above to include covariates, although the trimming procedure is then applied within cells of the control variables (which must be categorical), which means that not all covariates can be included. In this case, doing so had little effect on the estimated bounds. There is evidence of negative selection; the prevalence of low birth weight among those who are alive (and have data on health outcomes) is 11%, compared with 23% among those who are dead (and have missing data on health outcomes). The OLS model indicates that being low birth weight lowers height for age by 0.58 standard deviations, whereas the upper bound for the effect using the trimming procedure indicates that the coefficient could be as high as 0.82 standard deviations. Similarly for height for weight, the OLS model indicates a coefficient of −0.45 deviations as the penalty for low birth weight, whereas the lower bound is estimated at −0.68. Therefore, this provides some preliminary indication that the coefficients presented here may underestimate the adverse effects of low birth weight, potentially substantially, depending on the extent of selection induced by mortality.
CONCLUSIONS
This paper provides evidence on the relationship between birth weight and child outcomes in developing countries. The empirical approach accounts for missing data, measurement error, potential omitted variable bias, and mortality selection. There is clear evidence of an effect of birth weight on mortality, stunting, wasting, and coughing, and to a lesser extent for fever, diarrhoea, and anaemia.
Overall, the IV results support the existence of measurement error in the raw data. Once the correction is applied using size at birth as an instrument, results are consistent with important effects of birth weight on child outcomes. This highlights the importance of adjusting for attenuation bias where birth weight is reported by the mother, a phenomenon that is known to be exacerbated in twin and sibling comparisons (Griliches, 1979) . Models accounting for selection bias due to missing data on children who have died suggest that the effects of low birth weight on health outcomes are underestimated, potentially substantially.
If the children who died were to go on to have poorer health if they had actually survived, then mortality selection could be a mechanism through which selection for fitness is progressed. This type of selection has also been discussed in relation to the association between stressful in utero environment and the proportion of births that are male (Catalano, Currier, & Steinsaltz, 2015) . Demographic transition in the form of reductions in mortality rates, or changes in fertility, could alter this selection process thereby affecting adaptive potential of a population, a phenomenon that has been observed previously (Moorad, 2013 ).
An important limitation of this approach is that although the twin literature typically appeals to differences in nutritional intake as the source of these differences (Almond et al., 2005; Black et al., 2007; Royer, 2009) , the extent to which birth weight itself is a causal factor in later outcomes is not clear, nor whether alternative sources of birth weight differences have heterogeneous effects. Timing of exposure to adversity in utero is also likely to be important for later outcomes (Ekamper, van Poppel, Stein, & Lumey, 2014) , From this perspective, it may be better to view the results presented here as indicating the general effect of in utero environment, for which birth weight is likely to be a reasonable proxy. However, recent research using diagnosis of placenta previa as an instrumental variable indicates that birth weight itself may have direct effects, at least on childhood outcomes (Maruyama, Heinesen, & Denmark, 2013) .
Another limitation of this analysis are that although the twin models can adjust for gestational age, it is not possible to determine whether the effect of birth weight differs according to whether the child is born prematurely. This is an important question from a policy perspective because the mortality risk is higher for infants who are both low birth weight and born early. However, it is difficult to envisage a viable identification strategy that could estimate the causal effect of gestational age.
In terms of the adjustment for measurement error, if there are factors that are systematically associated with maternal recall that vary within twin pairs, such as a desire to retrospectively explain current outcomes such as poor health, then the exclusion restriction for the IV will not hold, and this would not remove bias associated with misreporting of birth weight. Similarly, we must assume that the overall distribution of error is random across twin pairs. Therefore, it is important to interpret these results with caution. Finally, due to the absence of data on zygosity, the ability to fully adjust for genetic factors is incomplete. This could potentially affect estimates if there was a genetic confounder. For example, according to the Weinberg rule (Farbmacher, Guber, & Vikström, 2018) , around 50% of the male twin sample will be monozygotic. This suggests that bounds on the genetic effect could potentially be obtained by comparing single sex with multisex twin pairs, an approach I consider in the appendix. However, the data become very noisy when stratifying the twin sample at this level. Collecting and providing data on zygosity would be valuable for further analysis.
A summary of potential interventions targeting birth weight that could be implemented in developing countries are discussed in Bhutta et al. (2008) . Birth weight is correlated with many family background characteristics (McGovern, 2013) ; however, not all of these factors are open to intervention. Randomised control trials are the ideal way of informing policymakers about the effectiveness of nutritional supplements during pregnancy, and there is some evidence to support this type of approach, although the type of supplement and context are likely to influence the outcome (Ceesay et al., 1997; Christian et al., 2003; Cogswell, Parvanta, Ickes, Yip, & Brittenham, 2003) . The causal determinants of birth weight are beyond the scope of this paper; however, ultimately advances may only be achieved via improvements in poverty and education. The recent focus on the importance of the education of women (Duflo, 2012) , and family planning (King, Klasen, & Porter, 2007; Miller, 2010) , are likely to have the added benefit of improving birth weight, thus contributing to help more children reach their full developmental potential.
Given the evidence on intergenerational effects of birth weight (Currie & Moretti, 2007; Lumey, 1992; Victora et al., 2008) , any improvements in infant health are likely to have additional benefits that accrue over years and decades. Moreover, the evidence linking health to productivity indicates potentially large economic returns to infant health and nutrition (Caulfield et al., 2006; Haddad & Bouis, 1991; Hoddinott et al., 2008; Maluccio et al., 2009; McGovern, Krishna, Aguayo & Subramanian, 2017; Strauss, 1986; Thomas & Strauss, 1997) . For example, anaemia among women in Sierra Leone is estimated to cost $19 million per year (Aguayo, Scott, & Ross, 2003) . Therefore, results in this paper indicate that investments targeted at raising birth weight are likely to have a substantial long-run impact on the affected individuals and societies.
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